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Abstract
Students sentiment analysis is crucial for students
to manage their study and lives, and every student
has different opinions, emotions, or attitudes. Edu-
cators cannot instruct them individually due to the
limited educational resources. To tackle this prob-
lem, we propose a hierarchical student sentiment
analysis framework to analyze the student senti-
ments from their assignments. The framework in-
cludes two streams: reference stream and student
statement stream, which are able to analyze the par-
tial student sentiments from quotes and references.
Experimental results prove that our framework out-
performs other competitors on university student
assignments dataset compare to the state-of-the-art
methods.

1 Introduction
Sentiment management of students is crucial in the educa-
tion research area, and unstable sentiments [Bishop et al.,
1998] of students such as fear of failure, feelings of depres-
sion, feeling anxious and panicked, etc. may lead to serious
problems. Those problems include poor time management,
uncertainty future, poor study habits, and test anxiety, etc.,
and extremely consequences may lead to suicide [Palmier-
Claus et al., 2012]. Therefore, the demand for analyzing sen-
timents of students is urgent, and educators need to find a
way to observe and manage the sentiments of students. Ob-
serving and communication are the common solutions which
are time-consuming. Therefore, this solution only suits for
classes with limited students, teachers are not able to observe
and communicate with a large number of students in their
classes. To address this problem, computer science could be
one of the solutions to observe and analyze the sentiments
of students, which can assist both educators and students in
managing unstable emotions.

Sentiments are invisible but everyone can feel it. Addition-
ally, the sentiments can be reflected by different human activ-
ities, for example, the emotional tone can be hidden behind
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the written content such as social network posts, journals, and
assignments. Therefore, the target is shifted to mine and anal-
ysis the sentiments hidden behind the written text by using
sentiment analysis technologies, which are approaches that
applying natural language processing (NLP) technologies to
identify the sentiments behind the written text. In the past,
educators collect the student sentiments through different in-
formation resources, such as student feedback [Poulos and
Mahony, 2008], clickers [Poulis et al., 1998], mobile phones
[Bär et al., 2005], short message services [Leong et al., 2012],
and social media [Novak et al., 2011]. The collected infor-
mation could assist teachers to understand the student senti-
ments and improve teaching quality, and the collected infor-
mation was processed by NLP technologies to analysis the
sentiments of students. To analyze the student sentiments,
the best resource is the written assignments from students,
because, considering the privacy of students, the only open
resource to the educator is the assignments.

Traditional NLP technologies can be categorized into five
classes [Li et al., 2018]: Machine Learning, Lexicon-Based,
Hybrid, Graph-Based and Others. And all the approaches
can be applied at three different language levels: aspect-level,
sentence-level, and document-level. Word contains its origi-
nal sentiments such as ”good” represent positive, and ”bad”
represents negative valences. Therefore, lexicon-based ap-
proaches have been proposed to create the sentiment associ-
ation lexicons by either manual annotation or through auto-
matic means. A minimally supervised algorithm [Turney and
Littman, 2003] has been proposed to determine the valence
of a word which co-occurs with positive seed words or neg-
ative seed words. Sentence-level approaches label the sen-
tences after classifying sentences regarding sentiment polar-
ity towards the topics. He et al. [He et al., 2015] proposed an
approach using K-means clustering to cluster both unigrams
and bigrams features. Document-level sentiment analysis can
be broken down into the analysis of the sentence, Nalisnick
& Baird [Nalisnick and Baird, 2013] extract sentiment net-
works to analyze patterns of sentiment from Shakespeare’s
plays. The traditional NLP technologies need to extract the
features before processing, and cannot process large amounts
of data simultaneously.

Compare with traditional NLP technology, deep learning



does not require handcrafted features which can analyze a
large amount of data automatically [Hu et al., 2019] [Pan
et al., 2018]. Deep learning methods are also classified as
the aspect-level, sentence-level, and document-level tasks.
Target-dependent LSTM (TD–LSTM) and target-connection
LSTM (TC–LSTM) [Tang et al., 2016] have been proposed to
consider the given target as a feature, and classify aspect sen-
timents by concatenating with the context features. Dynamic
CNN (DCNN) [Kalchbrenner et al., 2014] applies the K-Max
pooling operator as a nonlinear subsampling function, which
is able to capture word relations for sentence-level sentiment
classification. In document-level, a semi-supervised autoen-
coder has been introduced [Zhai and Zhang, 2016], which
obtain better document vectors by considering the sentiment
information in the learning stage for sentiment classification.
Existing approaches focus on the sentiment analysis in social
media such as Twitter, where the data includes more senti-
ment information than student assignments.

The existing approaches do not consider the challenges to
analyze the student assignments, which are 1) assignments
has limited sentiment information from students, due to the
students are mainly describing the certain topic from the
requirements; 2) there are many noises such as references
which cannot represent sentiments of students. To tackle the
challenges, we proposed a hierarchical sentiment analyzing
system to analyze the student sentiments. Our contribution
can be summarized as follows:

• We apply a hierarchical sentiment analyzing framework
to analyze student sentiments from all levels, which can
identify positive or negative valences over limited re-
sources.

• The hierarchical sentiments analyzing framework can
identify the references or the opinions which not belong
to the students, therefore, the system is able to process
both the references and the student sentiments, where
the accuracy of the sentiment analysis can be increased.

• Experimental results prove that our sentiments analyz-
ing framework achieved better performance on univer-
sity students assignments dataset compare to the state-
of-the-art methods.

The rest of this paper is organized as follows. In Section
2, we briefly introduce the state-of-the-art sentiment analysis
methods, and the proposed framework is detailed in Section
3. Extensive experimental result is reported in Section 4. Fi-
nally, Section 5 gives the conclusion.

2 Related Works
In this section, we discuss the state-of-the-art sentiment anal-
ysis methods using NLP technologies. Long short term
memory (LSTM) is one of the popular approach to pro-
cess sequential data. A sentence-State LSTM [Zhang et al.,
2018] has been proposed for text representation, which can
encode the text with the parallel state for each word and
the global and local information can be exchanged between
words. SuBiLSTM-Tied [Brahma, 2018] encodes each suf-
fix and prefix of a sequence of tokens in bi-directions, which
can improve the Bidirectional LSTM from sequential bias.

RNN-Capsule [Wang et al., 2018] is a capsule model based
on recurrent neural network (RNN) for sentiment analysis,
which builds the capsules for sentiments category, and each
capsule includes three modules, one state, and one attribute,
where the attribute is assigned to the sentiment category. The
RNN is used to encode the instance into hidden vectors, and
the probability of the capsule’s state will be computed by the
modules. To encode the sentences universally, the univer-
sal sentence encoder [Cer et al., 2018] has been proposed to
process the sentences by using Word Embedding Association
Tests (WEAT) to detect model bias, which achieves a better
result in word-level via transfer learning using sentence em-
beddings. However, the state-of-the-art methods overlooked
one truth, which is student assignments include many sen-
timent information from other resources such as quotes and
references. What this means is that the sentiment analysis
results could have significant deviation after we direct ap-
ply the NLP methods. In addition, the sentiment information
from students is also limited due to the certain topic of the as-
signment. To solve this problem, we proposed the hierarchi-
cal sentiments analyzing framework to process the references
and analyze the student sentiment information from limited
contents.

3 Framework
In this paper, we propose a hierarchical sentiment analyzing
framework, as shown in Figure 1. The target of this frame-
work is to learn the sentiments from students’ assignments.
To achieve this, the assignments will be divided into two
streams references and student statements, where the refer-
ences can be considered as the part of the students’ opinion
and the statements are the full opinion. The system will fi-
nally assemble the results from sentence-level and word-level
analysis into document-level analysis to obtain the final re-
sults.

3.1 Student Statements Analysis
Due to the student statements are limited in the assignment,
and instead of train the embedding layer from scratch, we
apply pre-trained GloVe vectors [Pennington et al., 2014],
which were trained on a large amount of data. GloVe vec-
tors are very effective because leverages statistical informa-
tion based on a large amount of data and the number of pa-
rameters can be reduced, which have the ability to process
small datasets and reduce the overfitting.

GloVe trained on the 42B token Common Crawl corpus
which has 300-dimensional vectors. The model is designed
based on the word-word co-occurrence probabilities, which
has the ability to encode some form of the meaning as vector
differences, for example, ”agree” co-occurs more frequently
with ”opinion” rather than ”technology”. The training ob-
jective of the Glove is to learn the dot product which equals
the logarithm of the co-occurrence. Since the logarithm of
the ratio is equal to the difference of logarithms, the vec-
tor differences in the word vector space are associated with
the ratios of co-occurrence probabilities, which can perform
well on similarity tasks and word analogy tasks. The GloVe
vectors are to embed the limited data such as students’ state-
ments. The embedded matrices will feed to a neural network
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Figure 1: The framework of the hierarchical sentiments analyzing system

to predict the label of the sentiments. As the statements are
written by students themselves, the weight of the statement
results will be fully calculated.

3.2 Reference Analysis
Normally, references are neutral, they are the results or opin-
ion from other researchers. However, in a certain assignment,
references can be positive or negative depending on how stu-
dents describe them, which is why the references can repre-
sent part of the student sentiments. We will process the ref-
erences with three steps, word embedding, attention module,
and sentence classifier.

Inspired by [Lei et al., 2018], we process the references
from sentiment-related morphological words with certain
prefixes and suffixes such as ”Un-”, ”In-”, ”Non-” by us-
ing character-level embedding and word-level embedding.
Firstly, the one-hot-encoding character sequences will be the
input of a 1 × 1 convolution layer, and the output will be
sent to a multi-gram convolution layer, where the local char-
acter chunk information will be captured. In order to perform
the word-embedding, we apply a pre-trained vector to map
the words into the low-dimensional matrix. Each word fi-
nally can be represented as a concatenation of word-level and
character-level embedding, which can be performed on the
sentiment resource words and the context words.

In the attention module, we define the sentiment resource
words and the context words as dot products to establish the
word-level relationship as the correlation matrices in the first
place. Then the context-word-relevant sentiment word repre-
sentation matrix can be computed. Meanwhile, the sentiment-
word-relevant context word representation matrix can be ob-
tained as well. We apply independent GRU networks to en-
code the hidden states of the sentiment resource words and
the context words to obtain the hidden state matrices. All
the sentiment-resource-specific sentence representation will
composite as the final comprehensive sentiment-specific sen-
tence representation.

For the sentiment classification, the final sentence repre-
sentation will be the input of a softmax layer, where the out-
put will be the prediction of the sentiment label distribution.
However, as the references can be the partial representation
of the students’ opinion, a weight will be applied on the final
prediction result before it feeds to the final result, which can
be determined by the numbers of the references, positive, and
negative states.

4 Results
The experiments are conducted on the University Student As-
signments (USA) dataset which contains 200 University Stu-
dent Assignments. The dataset has 100 positive and 100 neg-
ative articles. Due to the sentiment words such as negation
and intensity words are limited in the assignments, we collect
these words manually.

In order to evaluate the performance of our framework,
we compare the baseline and state-of-the-art algorithms on
the USA dataset for sentiment classification. We summa-
rize the experimental results in Table 1. Our model out-
performs the baseline and state-of-the-art methods on USA
dataset. Firstly, our model brings a significant improvement
over the baseline methods such as RNN, LSTM, and CNN
on USA datasets. Secondly, our model also achieves meth-
ods with sentiment linguistic knowledge. For example, our
model achieved 2.39% improvements over the USA dataset
compare to the Capsule-B. This is because our model lever-
age sentiment resources efficiently, which utilizes the limited
context words and sentiment resource words.

Table 1: Comparision of the results on USA datasets

Methods

RNN 60.12%
LSTM 63.29%
CNN 64.77%
Text GCN [Yao et al., 2018] 65.72%
S-LSTM [Zhang et al., 2018] 66.37%
GRU-RNN-WORD2VEC [Mu et al., 2017] 66.83%
SWEM-concat [Shen et al., 2018] 67.02%
USE-T+CNN [Cer et al., 2018] 67.33%
Capsule-B [Zhao et al., 2018] 67.85%

Our Model 70.24%

5 Conclusion
In this paper, we propose a hierarchical sentiment analyzing
framework to analyze student sentiments from student assign-
ments. By analysing the both references and students’ state-
ments in the assignments, our methods overcome the state-of-
arts methods. The future work will be focus on completing a
recommendation system with sentimental analysis, which not



only gives mental health checking and suggestions to student,
but also supply students future study plan recommendations.
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